Liquidity commonality and the co-movements in trading costs related to such commonality have remarkable implications in market microstructure. Analyzing and identifying such commonality will enable the investor and policy maker to discover evidence regarding the inventory risks and asymmetric information influencing individual securities' liquidity. Thus, this study aims at documenting the liquidity commonality and measuring its extent in the Indian stock market. Employing fourteen liquidity measures attributed to the cost, quantity, time, and multidimensional aspects of liquidity, it empirically proves the existence of co-movements among market-wide liquidity and the individual securities' liquidity. The study also shows the presence of a size effect in liquidity commonality in Indian stock market. It is found that the slope coefficient indicating the interface between market-wide liquidity and individual securities' liquidity generally increases with size.
Introduction
Liquidity commonality can be defined as the presence of a common component in liquidity across the market. It is a scenario where the liquidity of individual securities co-moves with the aggregate market-wide liquidity. The empirical research in market There is robust evidence for the existence of commonalities in individual stocks' liquidity by means of different liquidity measures. For instance, using the data pertaining to the developed market of Japan, UK and the US, Stahel (2005) discloses the presence of a common global component to which the individual stock liquidity is related and co-moves within countries and industries. It suggests global liquidity as a prominent element driving the liquidity of individual stocks. Brockman, Chung and Pérignon (2009) also find significant commonality in liquidity as measured by quoted spread and depths on majority of exchanges from developed as well as emerging market.
From an emerging market perspective, Pukthuanthong-Le and Visaltanachoti (2009) examine the liquidity in the Thailand stock market. They provide robust evidence of market-wide commonality in liquidity across different measures of liquidity. They identify stronger industry-wide commonality than market-wide commonality in liquidity. In similar lines, Narayan et al. (2011) test four hypotheses pertaining to the liquidity commonality in the Chinese stock market and provide strong evidence of liquidity commonality. They emphasize the impact of industry-wide liquidity in explaining the liquidity of individual stocks. However, they do not find any evidence of the size effect in liquidity commonality. Bai and Qin (2015) also analyze the commonality in liquidity from emerging markets' perspective. Considering eighteen emerging markets, they find that the liquidity of individual stocks is greatly influenced by the market volatility, rather than the firm-specific volatility. They document the presence of a robust geographic factor influencing the commonality in liquidity across emerging markets.
In the Indian context, contrary to the weak evidence of commonality provided by Krishnan and Mishra (2013) , Syamala et al. (2014) show strong evidence of liquidity commonality in spot as well as derivatives market. Controlling for market returns and the volatility of individual firms, they reveal strong market-wide and industry-wide commonality. Kumar and Misra (2018) support these findings by analysing 50 mid-cap stocks from the National Stock Exchange of India. They conclude that the liquidity of individual stocks strongly co-moves with the market and industry liquidity.
In spite of a good number of attempts to document the presence of commonality in liquidity, a review of such studies reveals that most of the studies are centered on developed markets. There is only a limited number of studies analyzing the commonality in liquidity and its determinants in emerging markets, including India. It is of utmost significance to analyze the existence and extent of commonality and its impact in such markets given that the increase in commonality may result in market-wide liquidity dry-ups leading to financial market contagion driving the spread of financial crisis from one market to the other (Rösch & Kaserer, 2013) . Furthermore, the studies in emerging markets are found to be restricted to the analysis of liquidity commonality using a limited number of measures. However, it is evident in literature that a measure that works finely for one market does not necessarily work perfectly in other markets. Given this, it is imperative to spot that no single universal proxy can comprehend liquidity of a stock market. Therefore, the objective of this study is to examine the existence of market-wide liquidity commonality in the Indian stock market by employing multiple measures covering various dimensions of liquidity. It also empirically tests for a size-factor in determining the liquidity commonality in the market.
The measures of liquidity employed
Liquidity of a security or market is essentially three dimensional. It encompasses three aspects, viz., cost, quantity and time. Taking this into account, our study uses measures capturing each of the three dimensions. It also employs certain multidimensional measures which are more sophisticated hybrid measures formed by combining two or more dimensions of liquidity. It uses a total of fourteen measures. A brief description of each of these measures is provided below.
1 Cost dimensional measures of liquidity
Cost dimensional measures, commonly known as spread related measures, are the most widely employed proxies to quantify the transaction cost element of liquidity in the stock market. The bid-ask spread is the most popular one among such measures used extensively in the market microstructure literature as a proxy for liquidity (Amihud & Mendelson, 1986) . From an investor perspective, the excess of ask price over bid price denotes the cost that may be incurred if trading in the market. Apart from the simple bid-ask spread, there are certain related measures calculated using bid prices and ask prices carrying similar implications of bid-ask spread. The higher value in such measures points out to lesser liquidity in the market. Such higher values are attributed to the fixed trading costs, the costs arising from adverse selection, and the cost of holding inventory. The following are the cost dimensional measures used in this study.
(i) Quoted Spread (S t ). It is the simplest measure of cost dimensional aspect of liquidity that determines the excess of ask price over the bid price for any security in the market. It essentially indicates the extent to which the maximum price that a buyer is ready to pay for a security exceeds the minimum price that is acceptable for the seller in order to sell the security.
(ii) Proportional Quoted Spread (PS t ). It is another commonly used cost dimensional measure of liquidity which is popularized by McInish and Wood (1992) . It denotes the relative spread, which is arrived at by dividing the simple bid-ask spread by the mid-price of bid price and ask price.
(iii) Effective Spread (ESPR). It is a measure devised to quantify the actual cost of trading that significantly affects the liquidity of a security or the market as a whole. Chordia et al. (2000) provided lesser values in effective spread as compared to the quoted spread as an indication of occurrence of transactions within the quoted spread. Some researchers in market microstructure consider this measure as the most eloquent liquidity measure (Hasbrouck, 2009) . The periodical reporting of the descriptive statistics of effective spread by the market centres is even mandated by the U.S. Securities and Exchange Commission (SEC). It is calculated as follows:
where P t denotes the price at which the last trade occurred before time t, and P M denotes the mid-value of bid price and ask price last quoted before time t.
(iv) Proportional Effective Spread (PESPR). It refers to the ratio between effective spread and the last traded price. It can be arrived at as follows:
Quantity dimensional measures of liquidity
The quantity or volume dimensional measures are continued to be popular liquidity measures even today, given the prominence of trading based on algorithms, resulting in high frequency transactions in the market (Chordia, Roll, & Subrahmanyam, 2001; Hasbrouck, 2009 ). Such measures essentially reveal the magnitude of transactions per unit of time. Higher values in quantity dimensional measures of liquidity imply the occurrence of trade in greater volumes in lesser time. Lee and Swaminathan (2000) showed these measures as the linkage concerning the momentum and the strategies to enhance the value. Therefore, greater values in these measures are generally regarded as an indication of greater liquidity. The following are the quantity dimensional measures used in the study. (i) Turnover (V t ). The following formula is used to calculate the turnover per unit of time:
where P t is the price at which the last trade happened before time t, and Q t implies the quantity traded at the price P t . The market microstructure offers indecisive evidence regarding the relationship between return and spread which is considered as an important motive behind developing turnover as a measure of liquidity (Marshall, 2006) . This has a wide theoretical support as well. For instance, Amihud and Mendelson (1986) found that the liquidity exhibits significant correlations with the frequency with which the trading occurs in a security or the market as a whole, at equilibrium. On the other hand, the cross-sectional studies aimed at examining the returns pose suspicions with regard to the ability of turnover as an efficient measure of liquidity. Such suspicions arise from the inverse relationship established in the literature between the anticipated returns of low performing securities and turnover as against its significant positive correlation with the returns of well performing securities (Subrahmanyam, 2005) . Therefore, turnover cannot be regarded as the best quantity dimension measure of liquidity. However, it is widely used in the literature as a measure of liquidity.
(ii) Depth (D t ). It is among the most traditional measures used to quantify liquidity of a security or the market as a whole. The depth exhibits the quantity traded in a market. It is a measure that is very much related to spread. For instance, Corwin (1999) , aiding depth as a measure of liquidity, demonstrates that it differs considerably among specialist firms and thus suggests significant differences in transaction costs among such firms. The following formula is employed to calculate the depth in the market:
where denotes the quantity asked and represents the quantity demanded at time t.
(iii) Value depth (VD t ). The study also employs a Rupee-denominated depth for the Indian stock market. It is calculated in terms of currency analogously to average depth as given below:
where indicates the best ask price and denotes the best bid price at any given time t.
Time dimensional measures of liquidity
Time dimensional measures of liquidity indicate quickness in the market in executing the transactions. Similar to quantity dimensional measures, these measures reveal the frequency with which transactions occur. Higher values of time dimensional measures denote greater liquidity in the market. This study employs two time dimensional measures which are discussed below.
(i) Number of transactions per unit time (N t ). It is a measure having similar implications to quantity dimensional measures that takes into account the number of transactions occuring between time t-1 and t. This measure essentially reveals the quickness in the trading of a security or the market as a whole.
(ii) Waiting time (WT). This is another time-related measure of liquidity that is obtained by inversing the number of transactions per unit time. It is calculated using the following formula:
where t i and t i-1 represent the time of the current trade and previous trade respectively. Therefore, waiting time for a specific time space is calculated as an average time between two trades as provided by Ranaldo (2001) .
Multidimensional measures of liquidity
Multidimensional measures are those that combine two or more individual dimensions of liquidity to have more composite measures. The market microstructure literature emphasizes the need for using such hybrid measures. For instance, Chordia et al. (2001) , employing data pertaining to NYSE stocks, used a simple bid-ask spread as well as quoted depth in order to examine the relationship among various macroeconomic factors and liquidity prevailing in the market. Similarly, Goldstein and Kavajecz (2000) employed bid-ask spreads combined with depth to investigate the movements in liquidity in the limit order book. Our study uses the following multidimensional measures: (i) Quote slope (QS t ). It is a measure that aggregates aspects of depth and tightness in order to have a more useful hybrid measure. This measure first appeared in the seminal work of Hasbrouck and Seppi (2001) . It is calculated by dividing simple spread by log depth. A higher slope indicates lesser liquidity. Below is the mathematical expression of quote slope:
(ii) Log quote slope (LnQS t ). It was also introduced by Hasbrouck and Seppi (2001) . It employs the logarithmic relative spread in the numerator as expressed below:
The quote slope as well as log quote slope will always be positive. They return a flatter slope when the market is more liquid, which further reveals narrower bid-ask spread. They are generally viewed as the measures that sum up the supply curve of quoted liquidity. Greater values of and lead to flatter slopes indicating better liquidity in the market.
(iii) Composite liquidity (CL t ). Introduced by Chordia et al. (2001) , composite liquidity is a measure that incorporates the attributes of spread as well as depth.
It is essentially a measure that quantifies the slope of liquidity function. Greater values of composite liquidity point out the lesser liquidity in the market. This measure can be mathematically defined as follows:
(iv) Amihud measure (AMR). It is one of the widely accepted liquidity measures in the recent market microstructure literature that captures the link between the absolute price change and the volume traded in the market. In order to capture absolute price changes, it employs non-zero returns as expressed in the following formula:
Amihud (2002) states that a security can be considered as illiquid if its prices fluctuate in response to slighter movements in the volume of trade, which leads to greater value of Amihud measure. Using this measure, Amihud (2002) suggests that the anticipated returns from a security represent a premium for illiquidity, by reporting positive correlations between the anticipated illiquidity in the market over time and the expected excess returns from a security. Though this is considered as a popular measure, empirical literature cautions the possibility of extreme values in the measure.
(v) Flow ratio (FR). Recommended by Ranaldo (2001) , it is a measure that quantifies the relationship between turnover (V 1 t ) and waiting time (WT t ). It combines the quantity and time dimensions of liquidity. A higher flow ratio denotes greater liquidity. The ratio can be mathematically expressed as follows:
3. Data and methodology
The study employs one-minute trade and quote data of fifty securities constituting NIF-TY 50 Index for a period from 1 st January 2016 to 31 st December 2016 comprising 246 trading days. The data is sourced from Bloomberg database. The 1-minute sampling frequency provides for 374 data points from 9:16 am, to 3:29 pm, resulting in a total of 92,004 trading observations per stock. Fourteen liquidity measures are calculated for each security using the trade and quote data during each time interval. In order to remove the possible noise in the data, which is a peculiarity of intraday data, each measure of liquidity is averaged across the daily trades for every security as provided by Chordia et al. (2000) , Fabre and Frino (2004) , and Narayan et al. (2015).
Correlations of cross-sectional means are estimated. Change in each liquidity variable over consecutive trading days is computed and the absolute value of daily propor-tional change is arrived at. The descriptive statistics of the absolute measures are calculated. The multiple regression models are run to establish the existence of market-wide commonality in liquidity in general as well as market-wide commonality in liquidity by size.
Establishing market-wide liquidity commonality
Simple market model regressions for time-series are used to establish the market-wide liquidity commonality. The daily percentage changes in each of the liquidity measures of an individual security are regressed on market-wide measures of liquidity using the following equation:
DL j,t is the daily percentage change in individual liquidity measure for a security, j. DL M is the change in corresponding market-wide liquidity measure. To calculate DL M , the daily changes in individual liquidity measure of all the securities except security, j is averaged by assigning equal weight to all the securities.
One lead and one lag of the average market-wide liquidity (i.e., and DL (M,t+1) ) along with the concurrent market return, leading and lagged market returns, and concurrent change in squared return of individual security are considered as additional regressors. The leads and lags are expected to apprehend any leading or lagged correction in liquidity commonality. In order to eliminate the presence of any spurious dependence arising from association between the returns and measures of liquidity, the market return is used. Such associations have precise significance for the cost dimensional measures of liquidity as they are essentially derived from the transaction price. Changes in these measures are therefore the functions of individual returns which are recognized to be considerably correlated with the market returns. Finally, in order to account for volatility of individual security returns, the squared returns are included, which is more of a nuisance variable that can probably affect liquidity. The explanatory variable in the regression equation may be slightly dissimilar for each security, j's time series regression as security j is not considered in computing the market-wide liquidity measure, DL M . This is aimed at removing a possibly deceptive constraint on average regression coefficients. Even though removing one security from a group of 50 for calculating market-wide measures makes a minor difference in the slope coefficients of any individual regression equation, such negligible differences can accrue to a material sum when they are averaged across all the individual equations.
Establishing the market-wide liquidity commonality by size
Using a similar regression model, Chordia et al. (2000) and Fabre and Frino (2004) reported a size effect that could be a potential factor determining the extend of liquidity commonality. Chordia et al. (2000) showed that the simple bid-ask spreads of larger securities tend to exhibit greater reaction to the market-wide changes in spreads. However, they failed in finding such size effects for liquidity as measured by depth. Their results imply that the market specialists more often incline to revise the spreads for larger securities than for smaller ones. They further attribute such results to the predominance of institutional investors in larger securities. Both the studies divide the sample into quantiles based on market capitalization. Chordia et al. (2000) find statistically significant coefficients in all the quantiles which are reported to be steadily increasing with firm size. On the other hand, Fabre and Frino (2004) report different results. They show that only the largest quantile exhibits liquidity commonality which is statistically significant across all liquidity measures. However, Brockman and Chung (2002) report the third quantile as the one exhibiting the highest sensitivity to liquidity commonality. They account larger securities as lesser responsive to market-wide liquidity movements than medium securities.
Our study sorts and partitions the securities into three groups, viz., small, medium, and large, based on their market capitalization, which ranges from 4,206,864 Million to 186,484 Million, unlike the studies partitioning the samples into quantiles. As a result, these groupings of small, medium and large size contain 17, 16 and 17 stocks, respectively. Table 1 presents the correlation between various measures of liquidity employed in the study. It is evident from the table that the cost dimensional measures of liquidity, viz., quoted spread (S t ), proportional quoted spread (PS t ), effective spread (ESPR), and proportional effective spread (PESPR), exhibit a positive relationship with each other. These measures possess a positive relationship with the quantity dimensional measures, viz., turnover (V t ), trading volume (Q t ), depth (D t ), and value depth (VD t ). A similar relationship is evident in the case of the number of transactions (N t ), indicating that the increase in the number of trades widens the spread. Most of the multidimensional measures also exhibit a positive relationship with cost dimensional measures of liquidity.
Results and discussions

Correlation between liquidity measure pairs
Source: Authors' own calculation
Summary statistics of daily absolute proportional changes in liquidity measures
The summary statistics of daily absolute percentage changes in the liquidity measures used in the study are presented in Table 2 . The mean values reported in the table exhibit the average absolute proportional change in each liquidity measure per day. For instance, the cross-sectional average of the absolute proportional change in the effective spread (|DESPR|) is 33.14 percent per day. The cross-sectional standard deviations of absolute proportional changes in each liquidity measure are found to be rather modest, indicating significant time series variability common to many securities. Absolute proportional changes in Amihud measure (|DAMR|) and Depth (|DD t |) are found to be more volatile across time than cost dimensional measures of liquidity. 
Empirical evidence of market-wide liquidity commonality
The empirical expedition provides evidence pertaining to the existence of empirical co-movements among liquidity of individual security and market-wide liquidity. The study calculates 'market model' time series regression coefficients in which daily per-centage changes in liquidity measures pertaining to each security are regressed on market-wide liquidity measures. Daily proportional changes in a particular liquidity measure for an individual security are regressed in time-series on daily proportional changes in the market-wide liquidity arrived at by taking equally weighted average of all securities in the sample. 'D' preceding the abbreviation of each liquidity measure, e.g., DESPR, represents the relative change in the variable across consecutive trading days, i.e., for any liquidity measure, L,
for any given trading day, t. The dependent variable security is not included in the market-wide liquidity while calculating each individual regression. Table 3 reports the cross sectional mean values of time series regression coefficients. The t-statistics is reported in parentheses. The same, next, and previous observations in daily market-wide liquidity are represented by 'Concurrent', 'Lead', and 'Lag' respectively. '% (+)' indicates the proportion of regression coefficients with positive values, whereas '% Sig. ' provides the proportionate slope coefficients with t-statistics higher than 1.645, which is the table value in a one-tailed test at the 5 percent critical level. 'Sum' refers to the sum total of 'Concurrent' , 'Lead', and 'Lag' slope coefficients. Table 3 reports the statistics about the regression coefficients. The study employed one lead, DL (M,t+1) , and one lag of average market liquidity, DL (M,t-1) , along with the market returns (concurrent, one leading and one lagged) as well as concurrent fluctuations in squared returns of a security indicating the volatility of its returns as regressors. Table 3 provides enough evidence of market-wide liquidity commonality in the Indian stock market. All the measures are found to exhibit such commonality. For instance, the change in percentage quoted spread, DS t , exhibits an average concurrent regression coefficient of 0.682, with a t-statistic of 32.36. The table also shows that 88 percent of individual regression coefficients of DS t are positive. 62 percent of the individual regression coefficients corresponding to DS t exceed one-tailed 5 percent critical value. The cross-sectional t-statistics are calculated across mean regression coefficients based on the presumption that the estimation errors in regression coefficients are independent and identically distributed.
The table also reports leading and lagged average coefficients for each liquidity measure. Though they are often found significant, the average magnitude is reported to be negligible. The combined 'Concurrent', 'Lead' , and 'Lag' coefficients are reported as 'Sum' in the penultimate panel. The t-statistics of such combined coefficients are revealed to be highly significant in most of the cases confirming the existence of co-movements in liquidity in the Indian stock market. However, it is found that the explanatory power of individual regressions employed is not very much impressive as the average adjusted R 2 is as low as 13 percent. It clearly points out to the existence of large noise elements and other influences associated with daily fluctuations in the measures of an individual security's liquidity. Table 4 demonstrates the size effects. It stratifies the 50 securities considered in the study into three groups, viz., large, medium and small, based on their market capitalization. The regression coefficients are then estimated for each measure of liquidity. The slope coefficients resulting from regression equation are found to be increasing, generally depending upon the size for most of the liquidity measures considered in the study. For instance, cost dimensional measures of larger securities are found to be exhibiting greater response to the market-wide fluctuations in such measures. The results reported in Table 4 show that larger securities exhibit considerably higher market-wide slope coefficients when liquidity is measured in terms of quoted spread, consistent with Chordia et al. (2000) . However, unlike Chordia et al. (2000) , the results report commonality in liquidity by size for depth as well. In most of the liquidity measures, the largest size grouping is found to be the most responsive to the fluctuations in market wide liquidity. Contradicting Chordia et al. (2000) but consistent with Brockman and Chung (2002) , the quote slope (QS t ) of the median-sized securities' group tends to exhibit the most sensitivity to the concurrent market-wide fluctuations. For quoted spread as well as proportional quoted spread, the securities in large and medium groups exhibit greater receptiveness to the concurrent market-wide fluctuations followed by small size securities. Similar results can be apprehended for most of the other liquidity measures used in the study. It is evident from Table 4 that the investors respond to systematic, market-wide changes in liquidity by revising spreads, volume, as well as depth. However, spreads are found to be revised to a greater magnitude in larger securities. Chordia et al. (2000) speculate such greater commonality in liquidity of larger securities compared to smaller securities as attributable to the herding behaviour of institutional investors around the securities with greater market capitalization.
Empirical evidence of market-wide liquidity commonality by size
However, we can only speculate on the reason for such differences in the extent of commonality among larger and smaller securities. It may possibly have something to do with the predominance of institutional herd transactions associated with larger securities. It looks less likely to be arising from the prevalence of asymmetric information explicit to smaller securities. That would disseminate lower explanatory power in the regression coefficients of smaller securities but not really in smaller regression coefficients themselves. Alternatively, there is a possibility for the prevalence of a 'size factor' in liquidity measures used in the study, which corresponds to the small minus big (SMB) factor recognized in the case of individual stock returns by Fama and French (1992) . Although it is beyond the scope of this study, such possibilities would certainly be a fascinating issue for further research.
Therefore, from the results it can be inferred that there exists market-wide liquidity commonality by size as well, which points out that the large size securities are more prone to liquidity commonality. These results have important implications for the portfolio management strategies of common investors. It is not advisable to invest in those Source: Authors' own calculation larger securities having their liquidity co-move with market-wide liquidity by size, which contrasts to the general conception among the common investors that investing in large-sized stocks will bring more liquidity to their investments. The market-wide commonality by size proves that such securities are more exposed to the market-wide fluctuations in liquidity. This has a cautious notion, particularly when the market liquidity drains out.
Conclusion
The study aimed at examining the commonality in liquidity in the Indian stock market. It provides ample evidence of liquidity commonality in the market. For instance, the change in the percentage proportional quoted spread, DPS t , shows a mean value of 0.757 for the concurrent with a t-statistic of 36.54; 86 percent of such individual regression coefficients are found to be positive, whereas 70 percent of the coefficients exceed the 5 percent critical value of one-tailed test. However, the explanatory power of the individual regressions is not very much remarkable. The size effect demonstrated indicates that for most of the measures of liquidity, the slope coefficients largely increase with size in such a way that liquidity of larger securities has greater reaction to market-wide fluctuations in liquidity.
Liquidity is, thus, much more than the characteristic of a single security, and the liquidity of individual securities moves in tandem with the market-wide liquidity. Commonality is found to exhibit significant influence even after controlling for the most commonly regarded individual determinants of liquidity, viz., volatility and price. Understanding the presence of such significant market-wide commonality in liquidity offers additional evidence to prove the implications of asymmetric information on the liquidity of individual securities in such a way that the vicissitudes in the magnitude of commonality can possibly be attributed to the availability of asymmetric information pertaining to the corresponding security.
The liquidity commonality also suggests that the transaction costs might be managed in a better way with appropriate timing of transactions. The turnover of managed portfolios can be improved by transacting when the spreads are low without forgoing the performance. However, it is yet to know whether higher commonality witnessed in cost dimensional measures is accompanied by other market phenomena, including price swings that are capable enough to offset the benefits of trading managed for the element of time.
When the components of a portfolio are changed frequently, it may result in the accumulation of transaction costs, which in turn leads to relatively huge decrease in the total returns of the portfolio. If the portfolio manager fails to account the liquidity shocks and to diversify portfolio accordingly, the sensitivity of an individual security to such shocks arising from market-wide commonality in liquidity could persuade the investors to demand for a greater average return from their portfolios. For instance, a greater return expectation would definitely be associated with securities having greater average trading costs, but there can possibly be an additional anticipated return required for the securities that are more sensitive to the market-wide liquidity shocks.
Thus, it can be concluded that the evidence of commonality presented in this study is of significant importance to the investors. It indicates that the liquidity shocks in the market can significantly affect the liquidity of individual stocks. Thus, liquidity becomes a systematic element, which is common to the market as a whole, rather than a feature of individual stocks. Therefore, it demands a higher premium for holding stocks whose liquidity co-moves with that of the market. Regarding the commonality by size, the liquidity of larger firms is found to exhibit higher association with the market-wide liquidity. Thus, the investors preferring larger stocks expecting transactions in greater volumes that offer comparatively higher liquidity need to be extremely cautious given that these stocks bear additional risk of having greater co-movements with the market-wide liquidity on the account of their large size. Thus, future research can be focused to examine the cross-sectional and time-series determinants of commonality in liquidity premium.
